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Pubiic data on U.S. nissile syst2ins are used to demons- 
trate the procedures ani tachniguas for development of Cost 
EStimating Relationships (CER) by statistical methods. 
meest, attention is giv22 +o data adjustment for constant 
dollars and quantities since the 12%8 come from yearly 
buigets. Next, Simpl2 aad multipl: linear regressions 3r: 
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duced to derive the reduction in cost 2S the number of items 
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I. LNTRIDUSTIIN 

A cost estimate 153 a3 judgement or opinion regarding the 
mete CCSt 9f ean object, commodity, or service [Ref. 1: 
Pel 1. i Odbitcwiar, la t82S thssis it 25 the cost of 
missiles. This judgement oor opinion may be arrived at 
mermmaiiy or informally by 2 variety 2£ methods, all of which 
are based on the assumption that zxparisnce is a reliabis 
guide to the future. Ti some cas23s the guidance is clear 
emmmunegquzvyOcal. in others, lt 1S not. Much, perhaps most, 
estimating involves the relationship between past experience 


ani future application. The more interesting problems ar 


(p 


Miose in Which the relationship is unclear, because tha 


( 


Meeposed item differs ihn some Sijnifticant way from its 
predecessors. The challenge to cost analysts concerned with 
Meeicadry hardware is ¢5 project fron the known to unknown, 
for example, to use experience on existing nissiles td 
precGict the cost of the next-g2nacation missile. The 
techniques used for estimating hardware cost range from 
mm@eietaOn at one exXtreams to a vary detailed "bottom-up" 


application of iabor ani material industrial 


(D 


ngineering 
standards at the other. Ther2 ar2 nany methods to estimate 
costs, but this thesis will discuss only <th2 statistical 


approach to estimating the cost of J.S. missilss. 





In the statistical approach, 2stimating relationships 
that use explanatory variaoles such 2S weight, speed, range, 
and thrust ar2 relied upon +t) predict the cost at a high 
level of aggregation, either the nrissile its2lf or major 


suosystems. TO say that statistical techniques can be used 


I. 


h a variety of situations dos not imply that tne 
techniques are the same for all situations. They will vary 
according +9 the purpos2= of the stuiy ard <h2 information 
available. 


In a conceptual stuiy, it is necessary to have 


ju 


Mescedure f9r e¢eStimatinzg the total expected cost cf 


ju 


progran, and this must intiuds an 2llowancte for ‘ths 
cootingencies and unfores2en chang2s that seem to be an 
inherent part of most development ani production programs. 
In ezrfect, this procedur2 merely asserts the obvious: as 
more is oo fewer assunptions 3r2 required. When enough 
is known, and ‘tnis me2ns woen 2 product is well into 
PEeoguction, aztcounting i21fo9rnation and data can be taken 


Girectiy rrom records of account aad used with 2 ninimum of 


iD 


SemeLstical manipulation, meee ene adsuSstment LOL 
change in "learning" ani inflation as the systems ar2 
produced. This tecnnigu2 is useful on those cases when ths 
future product CEA ColVvicy en = Gonsiisration aS 
essentiaily the same as that for the oast or current period, 


mepen 21S Often not the case. But ill naw missiles vary in 


their characteristic parameters. 


10 





In any situation the -estimatiny precedure to be used 
should be determined by th data av2zilable, the purpose of 
Pecmiiace, and, tO an 2xteant, by such other factors as ths 
time available to make an astimat2. In fact, since the lifts 
of a modern weapon systam may run twenty years (or longer), 
th2 investment needed +) establisno a new system may b2 


dwarred by the costs requiced *9 sparate and maintain it. 
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IZ. DATA COLLECTION AND ADJUSTMENT 
[mem analySis of past cost data yields 2stimates of 
fuzture costs based on th3 cost relationships of previous 
periods. The degree to which th2s2 data ar2 appropriate 


depends upon ths extent t9 whith cost behavior in the future 


(p 
19) 
bas 
ct 
iD 
= 
cla 
x; 
(ip 


Renee peste and <o ch 


t-- 


will correspond to that 


idantify the relationships. if ths change being considersi 
Memextensive enougn to bring about changes in the underlying 


b< 
= 
ct 
= 
(i) 


cost stzucture such as the use dF new techidsiog 


unadjusted historical cost dati may 92 inappropriate. 


A. DaTaA COLLECT ION 


There are three steps in data collection. 


Teer eCicLlLecect 49m iS the weocess of identiéiying, 
searching out, aCquacIny, verifying, and racording the 
Seeecrtic infotcmation that is of value to the analyst." 
fetete 25 p.tl] The cost analysts aave many data Sources. 
The cost information report (CIR) was established by DOD in 
moor to Simplify the data sollection problem. This reporting 


system was designed t > collect cost and related data on 


Major contracts for aircraft, nissil2s, and Space programs. 


dz 





Efforts are presently anderway to enlarge the coverage of 
the CIR's to other areas 9f detens2 contractiag. The new 


Peewee 1s Caissed Contract cost data reporting, (CCDRK). fhe 


(D 
© 
(n 
oO 
” 
(2 
8) 
W 
ct 


reports are sent by contractors to th analysis 
improvement group (CAIG). Inthe aiostnce of TIR-type data, 
een anelyst must resort t> contracts©& records, such as the 
cost performance reports (2PR), S2nt tO government program 
Managers, engineering records, manag2crial records, and othar 
BeeeOd:Ccel reports comtaining cost data such as the CSFR 


Meenberactors Status or Fund R2port). But for sub-systems, 


mimes type of data is nst a 


(1) 


cessarily available to ths 
analyst. 

While collectiny ijiata, the analyst should keep in 
Mind the levels of accurazty and ajgregation that he needs. 
If cost data is available dowa t2 12 component Llévei, it 
may be possible to procesi with a disaggregated method of 
COSt €Stimating, eStimatiag each conponent and then aggrs- 
gating. The advantage is no matter what approach is used, 
data collection problems can b> mininized by first becoming 
faniliar with the system's technology and second, by using 
consistent definitions for the cost and parameteric 
variables. Por example there are at least three ditfcrenc 
types of historical data required «9 develop a statistical 
cost-estimating procedure. First, there are the resourc? 
data, usually inthe forn of expeniltures and labor hours. 


iets customary to apply the word cost to boch, and that 
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practice is followed throughout this thesis. A second +ype 
of data describes the possible cost-explanatory elements; 
for hardware such as aircraft and nissile this neaAS perfor- 
Mance and physical chararteristics. The third type is 
Peggiam Gata, i.2., i1ifde¢Mmation celated to the development 


and production history of past hardware programs. 


Ge Resource Data 


(D 


Resource data are generally classified under 
1 


end-item categories or functional categories. An example of 
the former in various possible levels of detail are systen, 
subsystem, component, and part. The functional cost catego- 
Mmrmepesicn aS engineering, tooling, manufacturing, quality 


Gontrol, purchased equipmant, ar2 isually broken down into 


cost- elements--labor, matarial, ov2ch2ad, ani other direct 


(D 


ermanges. Miedema SOUECS ais £4 contractor's paante 
Generally, the accounting systims will vary fron one company 
to another and the amount 2f detail 13 immense. Theoretical 
conSiderations aside, estinating tachniques must be based on 
whatever resouce data the analyst c2n find, and in the past 
MaewaeVailability of data has varied from one Kind cf equip- 
ment to another. The most data is given in tha CPR whic 

memecULrrently availabl= only by goiag to each project's 


Management. 





b. Physical and performanc2 characteristics 


Information about the paysical and performances 
characteristics of missil2 system is just as important as 
resource data. Data collection in this area can be time- 
consuming, Bar croimaekyes=nes 2f 15 not oftsn sclear in 
advance what data will be required. The geal, of course, is 
Mempomtad=r a list of thos2 charactaristics that best explain 
G@eeeeerenc] in cost. W2ijgat is a coumonly used explanatory 


Variable, but weight alon2 is seldom snough; sp22d is almost 


always included as 3 second axoalanatory variable for 
missiles or aircraft. But spe2ed is »ften useful only at the 
total system level. 
Cope cogram Para 

PeietwwoeyR= St essential data is drawn from <=he 
development and production history %2f hardware items. The 
acceptance data of the 1t+201, the significant ailestones in 
mien aeveloOpment program, the proiuction rates, and the 


Seeteence Of ma Hr and Minor modifitaticns in production-- 
all such information can sontributs to the dsvelopment of 
cost-estimating relationsiips. The schedule data are needed 


for price adjustment in this thesis, for exampl>. 


de 


2. Observation of Data for Homazsneity 


Data must be check2d to ensure that the cost changes 


rerlect only changes in tie selectei explanatory variabies. 





fmmenarcges haye cccured from period to period in technoloay, 
pumice Ot the labor forse, or the prices level of inputs, the 
cost measurement will bs a2 amalgan of the change in output 
and the changes in design characteristics in the environ- 
ment. Thus the cost data will not be homogenesus from 
Observation to observation. Nonhomogeneous observations 
Srmmene result from technological or Organizational d:iftfer- 
ences in different plant or producing nearly identical 
output. In Order €6 work with a large number of observa- 
tions covering a wide rang2 of output, it may be necessary 


£6 work with the cost data of many similar depactments. I£ 


™= 
(tr 
~ 
(D 


the nature of operations of th i8partment varies 
behavior of the costs Cole eer lect his) 1diVersi=y. 
Unadjusted cost data shosuli not be used if thes2 differences 
are Significant. One solution is t) 2qagregate the data above 
organizational differences. Andther is +9 add aa explanatory 


Vaciable that measures the difference. 
3. Selection of Indesendent Vaciable(s) 


This step is analogous +9 t1i2 model building stage 
in any research project. While th cost relationship will 
usually be simple, involving oniy a few independent varia- 
bles, it must be hypothesized before the analysis can b2 
carried any further. Senearaliy, we should choose an inde- 


pendent variable on the basis of a reasonable belief that 


Some relationship 2xists between th variable and the cost 





being estimated. The varizbles used in the estimating should 
be the ones that exert the majoc effect on the cost 
observed. Among the most widely employed variabies ars 


weight, and speed. 


Be. DATA ADJUSTMENT 


There are three kinds of data adjustments. 


U) 


1. Cos: Dezinztion Aijustmen: 


f(D 
{i3 
ju) 


Deenie Leh. Se@mmGac: Dr acscouitiag practices and types 
of contracts are the primary reasons for this type of 
adjustment. An analyst should state the cost definition that 


he wishes to usé and thin adjust the data to meet his defi- 


t’- 


e 
= 
Rec 


Of. ict iS Sometimes impossibls ¢9 obtain information 


neaded for consistent adjista 


i 


nts. Interpretation of the 
fiieal cost estimate shoulzi mak2 alliow2nces for this possibl2 


earece OL anomalous cost bshavior. 


iene sual teo 2D02EeEN= that inflation shanges the 
purchasing power of the dollar dramatically. int Order 
compare the cost of a system purch2s2e1 in 1953 t0 the cost 
of a new system, the cost figures must be adjusted to "cons- 
tant" doilars. The Bursau of Labor Statistics publishes 
Many indices that can be used For this purpose. With suffi- 


Cient data, it is possiosle +9 produce a weighted index 


Wy 





eetricelly for the type of 


Can 


be 


a 


Price Iniex 


ee, 


1976 


ne TOS) 


180 


1981 


Sesh Z 


1383 


1984 


SoO.urce: 


Very 


Drice index 


0 


laborious 


indices are available 


(PPT) 


various 


Somost 


useful 


appropriation 


HOE 


moe 


TABLE 


is 


Base - 


eS 
Index 
Be 19 
$1.42 
435.09 
oe a ae 
9S 
S3ep73 
Se) S: 
Spel tsh0) 
if isha) 
eae aya S 


33.20 


090.0 


Nos 2 4 


(COMPTROLLER) 


process 


uses. 


2S Coun es 


13 


The 


204 


used 


) key 


So sev2ral 


producers 


by 


th 


system being estinaced. 


Ths 


general 


Oe sey = jolisliae 


Boustriceeng indices 


S 
— 


fOr 


the 


military 





ef 


O 


services ([Ref. 3: p. 24]. EheeD2oarement of also 


(p 


ie 


(wW 


1-4 
{te 
§ 


publishes a procurement index to be used for general ni 


ry 


tary hardware. Best results are obtained from indexes which 
are specialized to the type of equipment beiag estimated. 
It is almost an impossibilty to sbtain an iniex that will 
renove all of the price lsvel changes of a particular item. 
Table I gives the index 13edei to 2ijust the nissile costs 


Mmomenis thesis. 


meee COSt Quantity Adjustmeits 


ee SN ome EB ae a =_ 22 eee @wece «2 =a 


The "learning curve" is 4 ohenomenon prevalent ina 
Many industries. As the cimulative nuaber of ilisntical itens 
produced doubles, the unit cost or a cumulative average cost 
is reduced by a constant p2rcentag2 showing "learning", 

Learning curve information can be obtained from two 
possible sources. Memos SOUreS 2S the contractors cost 
Mee@nrds Or CIlkR-reports for individual units. SOStS) Of eho 
Mees alte plotted and a line is fitt2i to the plotted data. 
A second source of information would be a genaral industry- 
Wide learning rate that may b2 published in the industry's 
literature. 

If a general laarning rate is available, say 90 i, 
mumrmagewWiazh the cost of a particular unit (say unit #5), tha 
curve can be drawn by comoitingy the cost for unit #10 (unit 
jemeeces. times .9), plottiag <1e tws points, and drawing 32 


lineé connecting the points on log-log paper. The assumed 


US 





(Ar 
He 
(D 


Memening Curve car contribute large dollar errors if 


RS | 


assumed rate used is not accurate. For example 3 +4 
learning rat2 error in tie exampls above givas a 3.261 4 
difference over 40 units. Quantity adjustment will bs 


discussed for the missile jlata in Th2pter IV. 


2) 





= a oe ee oe ce cee ae =e SD See Oe a Oh eee SEP Cee Gee oe a= 


Cost eStimation relationships (CER) are developed fron 
the historical cost of like systams and ths parameters 


(e@.g., weight, maximum Sp22d, cange.) of these syst 


()) 


mS. 

Statistical amalysis can help provide an inderstanding 
@eeeadcters that infiuense sost, but estimating relationships 
abs not a substutite for uiderstandiig: regression analysis, 
which wiil be discusseil in this th2sis, does not offer a 
quick and easy solution t> ali the problems or estimating 


ogee) The outstanding characteristic of a CER is that the 


th 
wy 
” 
fas 
[-! 
| 
iD 
Q 
ALT 


relationship between cost and 2axplanatory variabl 
and obvious; thus, cost per *g (or pound) is widely usei 


Beeeuse cf the generally satisfying ‘thesis that as missil:, 


oe 


= 


tank, Or airplane incr22ses in w#w23ight 1% bscomes mors 
eestly. Weight chang=s alone io not always adequately 
explain cost changes, 2ni adiitional explanatory variabies 
ars often needed. The problem is to find these variables and 
mme2b Creiationship to cost. [The producer is t2 decide what 
variables are logically or theoretically relatai to cost and 
thei to lock for the patterns in the data that suggest 3 
relationship between cost and th2 variables. Table {If 
contains a s2t of data on cost and selected variables that 


can be analyzed for such oatterns. iiemeests Of tWweney  cwo 


missiles sets are given with weight, speed, and range of 
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Peo Le it 


Twenty - two Wissil2= Sets 
fas SsiLes WEIGHT West SPEED RANGE Suite COST 
( kg) (kz) (mach) N mile 1983 (5 Mae) ) 
Launch Pay Load (1,000th) 
AGM 86B 1, 426.1 Nee 9 nee ies hie yO 0. lg SS S10 
MIM 7 2C e3),.9 Ze 225 els te 10389 
FGM 77A Viaties Oe ve 3 Oss G5 OS 018: 
BGM ogc Veet! - 0.7 2000.0 SiS) PAG 
AGM 88A Bhs) 2) 5s Do Sao Oe O.e6a2 
RGM B4UA GUO 2S \n33 0.8 60.0 1.1668 
AGM 114A Qu. 7 ae lec 30 0.1496 
MIM 238 O23 6:7 a Oras Pie. 250 Or 952 
MGM a2 C e285 .5 Fz rae, See, 1 S70 LAWNS S, 
AGM 65Aa/B 206 4 eS 9 Ved 635.0 0.1554 
AGU 65D 215604 Bo ers, 1.0 Go. 0 02 3596 
ees 104 O24 Ts SORE Ce, oa. 0 3.1805 
Pen SHING-IIT te 0006 9 jel e\ ae. Sa 1,020) 01530, 35.3653 
iB 54a 4Uu6. 8 58h Ss. Dao V6.0 ge 8) Le 
AM 54C 453.6 BS) aS) Die 100.0 lieez Sa 
MIM 15 63755 29 lee 55 0, del digas 
AIM Shy Al slog Z eis eee 225 es Oe 1 BS 
AIM ret 231.3 tac Za 250 ha 
RIM 67B 5 et 42 5.2 Bo oo. 0 0.9878 
RIM 66 C 640.0 Slrere 3.9 40.0 0.6146 
ici 92A 15 27 WS Zeno Be0 O21 
BGM MOOA7S 1, 224. 7 453.6 Oley B00. 0 2.56 16 
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each. Peso oOmoesexpacted Ehat CoSt would increase with 
weight or with speed or r2age. 

A graphic analysis of the data in Table [I shows that 
cost is not a simple linsar Function of any sf the thres 
expainatory variables. Sosercenas t5 2nereass wath weight, 
but there are notable exc2otions 29 the trends, 4s illus- 
Merced by the scatter diagram of Fig. 3.1. Cost is plotted 
against speed and range as shown in Fig. 3.2 and Fig. 3.3. 
fee nis point, PMstVocwCLear Lf any of the explanatory 
MaeoaDbkesS, eCither singly or in combination, will yield a 
us2ful estimating relationship. 

To iilustrate technigues that ar2 commonly employed in 


deriving estimating relationships, assume that cost can be 


Sa eal elle [eal ay al IN Su 
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WEIGHT (KG) 


Figure 3.1 Scatter Diagram of Tost vs Weight for Data 
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Mmemeced tO 2 Single predictive variable--that of weight. 


The resuits of a simple iliaear regrezssion model will then be 


ow 


examined. nderegmee-Gtie crap Alia SCY Variables in muitipls 
regression analysis will b2 considsred. 

The statistical technique normally appiied t>5 developing 
CERS from historical cost and paraansteric data is called 
reyression analysis. Regression analysis is primarily 
concerned with the detsrnination of the equation of a lins 
Srameurve Which will predict how on2 variable (2.g., cost) 
will vary with respect to some param2t2er (2.g., weight). 

Regression has becom2 a widely accepted ts0l for cost 


analysis and it is frequently us2i1 to develop estimatin 


iQ 


relaticnship. The technigue of reyjression analysis can be 


memtgn: Of aS ConsiS*ing- of two distin PVeer i: se 
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is that of estimating th2 constant an 
aimteron, and the seconi is that of inferriag tha reli- 
memboty and Sagnificancs of the rasilts of ths estimate on 


the basis of assumed (and to a degr22 verifiable) properties 


possessed by the data and the results. Regression analysis 
as a technique is applicable only to the two stages 
performed together. Estimating Goerriczencs Of Curve 


fitting is simply a mathenatical 2xercise. Only when these 
estimating procedures are ised as 2 925is for making statis- 
tizal inferences can they be viewed as part »2f a statis- 
tical analysis. Before performinjy regression analysis, 


guidelines had to be established for determining what const- 





itutes satisfactory regression criteria. The guidelines 
established for this missile study w2re2 as follows: 

1. The interaction between the jispendent cost variables 
and the independent variables (time-index value, etc.) 
is such that chanj?s in th2 latter will generate 
reasonable changes i1 ths forne2c. 

2- The number of variables will be limited to three or 
less because of the limited saupl?2 size. 

3. Geced statistical parametzrs suth as low (29 percent or 
mess) COSfincient Sime variation, Significant coeffi- 
cient t-test, Small standard srror cf estimate, etc. 
are achieved [{ Ref. 4: p.j 10}. 

4. The relationships should be as applicabl> as possible 
to missile systems bayond the »sarformance range of th: 


Sample data; i.e., Fitur= systias. 


See LM PLE LINEAR REGRESSION 


Si@acter diagtams of the ist "theoretical" unit versus 
the 000th unit cost versus the tins-index vilue of tha 
1090th unit were plotted and analyzed. But most analysts 
usually choose the 1000th unizt as 2 better projection quan- 
Mmeey tian the 1St unit; ths 1000th nait is the standard unit 
used in this thesis. The form of the relationship between 
cost and the explanatory variabl=2(s) dépenis upon the 


probiem. It may reflect an underlyiag physical form chat i 


WY 


suspected. For physical characteristics, a simple iinea 
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feteimmess frequently ussi «5 dsscribe the relationship 
between two variables. Pimmenascecace, the “equation of the 
moiel is 

Jae = ast. D Xz 


where y is the dependent variable 


tory variable. The syst2m a and 


co2fficient, respectivaly, 


the data. Here y could represent 


missiles and x cculd represent the wa 


that bis greater than zero, 


heavier equipment will cost nore 


When the values of @ ani b are 


estimate (cost) 


1. Squares 


{tJ 
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Given equation yra¢ 


im the first phase of the regressidi 
estimates of the parameters a and b. 
The 


is the method of least-squares. 


determined by the requirement that 


Ehe 


thea 


Ehame Ligh=er 


Known, 


Db 


and x is the explana- 


b are the constant and 


Sqjuation estimated from 


DEOGCUESINSNe COS. OF 


tyes tt .Ss ascumed 


NmeoGgel @niccates that 


equipment. 


fms possi ptert> 


for any given value sf x (weight). 


x, the basic problen 


analysis is to dérive 


The standard procedur: 
values of a and b ar3 


the sum of the squared 


q 


deviations of the sampl2 observations from the estimated 
line will be mininun. Synborireally, This minimum is 
expressed as 
n : 2 
ie Pcs ey )> « 
a : 
ah Al 
Micee my is thie LtEMMODSSoCVeticon ani y is th= value of y 


al 


Pal] 





2stimated from the equation 


= a . ra: X 7 
ak a 


The dots over a andb iadicate that aand bare least- 
Squares eStimates of the true but unknown values of a and b. 


Thus Y. 2s the least-sqyuaces estinate of y and the ‘term 


|= 


(Y, - Y,) indicates the iifference between 22ach observed 
Y; and the corresponding 2stinatei vaiue y.. Pag ise) 36.3 
below contains the outcone of a l2ast-Squares regression 


performed on the data in Table II. The eguation of the 


illustrated regression lia2 is 


ya eos > OO 50. 7259 wW 
An analyst who cbtained such a model should concerned with 
the question: How well iozs the Sqvatuowe £22 che data? 
eae meecmoc ema start Sticoal Moact-es that can give 
Mred=20n Of the ability of the andodel <t9 describe he 
Get 2. The most commonly used measure of che “goodness of 
moc’ of the regression 2quation is the Soop LC osha oe 


2 
determination (rz). 


2 Bxplainei variation 
Totai variation 
The coefficient of detesrninaticn is the percentage of the 
variation in the data explained by th3 regression model. 
Ideally an analyst weuld want GeO 20ptoach “W200. 


The remaining variation may be :zxplained when other 
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Figure 3.4 Regression Line and Standard Error of Estimate 
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WeaeaableS are comsider=d and brought into thea equation. 
igure. 3.4 also has plotted on it the lines representing 
the standard error cf estimate. The greater the dispersion 
of the observed values of cost about the regression line, 
the less accurate the estinates that are based on that lines 
are likeiy to be. If the cost data follows a normal distri- 
bution, approximately 68% of the data points should fail in 
the area bounded by the two standard error lines. The stan- 
dard error of regression iS a measur2 of the jlispersion of 
the data and defined as the sguare root of the unexplained 


variance: 





This value of SE has b2en oplottsi above and below the 
Segrescsion line in Figure. Bie We Pie heorOLretation and 
significance of these cesults will be discussed in connec- 
mean Wieoh the use of predizcztion intervals. 

iieconpaGang One 55 With ansther, it 1S useful to 


compute a relative standard error of =stimats. The coeffi- 


ct 


h 


(D 


= 


iD 


Cl2ant of variance (CV) 15 sush a m2asure which reiat 


c+ 


standard error of ths moijel to the mean value of th 


iD 


dependent variable. Meveeiem = lJ toe20 percent for the CV 
is desireable {[Ref. i: p. 44}. The standara error of the 
model presented above is $ 0.7547 nillions, and the coeffi- 


g2nt of variance is: [Raf. 1: pp. #4] 
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ONS 2 a es) sro 


y = mean valu2 of the desoandent variable. 


memes o.6563 value of the =V also serves as indication that 


the proposed model is not well suiteji to the data. 


Pee caelsticai Enterenc 


lo 


Statistical inference may b2 used to answer the two 
questions that arise in coonection with the problem of reli- 
ability. To decide whethar x and y are relat3di, test for 
statistical significance; to evaluate pradictisns, estabi- 
lish a prediction interval for the regression lina. However, 
certain assumptions and coaditions nist be met befcre stan- 
dard techniques cf statistical infscsnce and testing can bs 
validly applied to least-squares results; namely, the data 
ar2 assumed to be a sanpl3> taken fron a larger population, 
which meet the fcllowing conditions: 

1. The x values are nonrandom (fix2d) variables. 

2. The residual deviations are iadependent random varia- 
bies with normal iistributions. 

3. The expected value of the distribution of each of 
these random variables is zero, and the unxnown vari- 


ance is the same for all values of x. 


Under these assumptions, the hypothesized relationship 


between y and x becomes: 
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ts 


where i (Migtetetstetgee Tiling 


u = the normally ilistributed random error term 


t/- 


with zero expect2d value and 2 common and 

unknown varlancs. 
Further, under these assumptions, the least-squares method 
produces unbiased maxinun likelihooi estimators. Standard 
statistical technigues can be applizd to the Least-squares 
Beemeers to test for Slgnificance and *90 maka inferences 
meee Leliability and accuracy in 2 probabilistic sense. 
feeeenowgn the subject of statistical testing is tes complex 
to treat comprehensively here, the method of testing the 
Segneticence of the relationship between x and y in the 
Simple regression of Figure 3.4 will be examined briefly. 
Basically, the procedur2 involves establishing the null 
Myopotnmes:s that x and y ace ndt related (21.e., that b=0), 


and testing to determine wheth 


Mm 


r ti2 hypothesis should be 
rejected. The test that is commonly used for this purpose is 
known as the t-test becaus2 it uses the te-ratio, or ratio of 
fummecoerificient to its standard e2rcror. For this simpl2 


regression, thea ratio is expressed as 


cr 
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mnere b = the estimated regression coefficient (fron 
the quation y = ta) Dk )e, 
Ss = The standard error of b, 
b 
Spee: 
Sea = ine Stendard error of fregression. 


Mumeerendard table of t-rstios is raquired t)9 use t-ratio 


equation, to test the nall hypothesis. If the calculated 


(D 


value of e. falls below tha appropriate value of t selected 
trom this table, the null hypothesis that b= 0 would bs 
G@eeepted, and it would be soncluded that bis, in fact, not 
peeeeeticantiy different from zero. The level of significance 
indicates the probability that the null hypothesis will bs 
rejected When it is true. If ther2 wars evidences to justify 
the assumption that the sign of the coefficient could be 
cnly positive (or only negatives) Lf it were different fron 
meme che leyel of Signifisanca associated with each t could 
be read directly from migene Uoerescre Ti cals Points Teble. 
However, the common practice in ragression analysis is not 
to make this assumption, but to test as though the value of 
+ (if it were different from zaro) sould be either positive 
or negative. peGewiceona © t hewmd1Ste  bpuzJon of the t-ratios, 
tha level of significance for th2 two-sided test is twice 


the level of significance for the ona-sided test. Thus, the 
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Mevels of Significance o£ the t-values shows in <he 
Student's t Critical Points Table ace only half the actual 
levels for the two-sidei t2st. 

The questicn at this point is, what should the level 
of Significance be fies JeCtL Ig the hypothesis ts 
Unfortunately, no Simple answir is possible. fhe values of 
2-10, .05, and .01 are thos2 that are nost commonly used, but 
the analyst must make 2 d2cision based on the risk that is 
assumed when a true hyoothesis is rejected. NOs 2nas 
Missile data no réeascnabla level would fail t> reject the 


hypothesis that b= 0. 
3. Prediction Intervals 


MromPeoOccaNGes score —calcUulaction of the prediction 
interval for a simple regression is as follows. For a given 
value of the explanatory variable, say x, the estimating 
equation is used +0 obtain a predist2d value of the depen- 


dent variable: 


Yy = a + bx 


The prediction interval puts a boundary around jy; 


y + A 
Te 
There is a certain level »9f confidence (1 - € ) that the 
est Of a Set Weighing « will be in that interval. Values 


for e/2 rather than € ar used sinca y is to be bounded on 


both sides. PitcemmeenlC “Bot ¢cumcan bs dividedspy two since 
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under the assumptions, th2 probability distribution abou- y 
femeenorte!l and therefore is symmetrical. In statistical 
memenology, 2 two-tail2q ¢ distribution for constructing 
the intervals is used. In the case of simple regression 3a 
100 (1 -€&) - percent prediction iaterval for an estimated 
value of the dependent variable can be coastructed as 


memrows: (Ref. 1: p. 51] 





ae fe 
Vee 
where 
- 2 
71 (X = xX) 
A = Caco s a > + ----------- 
72 = 2 
aX eee =X) 
aL 
and where S$ & = the standard error of the estimating 
equation from whith y was obtained, 
= = The value obtaitied from a table of t- 
<2 
values for the E72 significance level, 
n = the siz2 cf the sample, 
X = the so2cified value cf tha explanatory 
variabl2 us2d as 2 basis for  »btaining jy, 
x = the mean of the x's in the sample, 
- 2 
m(x 7 Xx) = the sun of the sqyaared deviations of the 


Sample x's from their sample mean. 
This prediction interval procedure can be repeated for many 
Values cf x and results plotted to sbtain a 90-percent pred- 


iction interval band around the regression lins, as shown in 
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The 90-percent Prediction Interval Band for 
Estimated Bas2d on Sampl=2 Data 





eesure, 3.5. imei ene FJ)J=percent confidsnce region is 
fairly wide because of th2 relatively large st2ndard error 
of this equation. The fornula for ths prediction intérval is 
such that the weight of the interval is sensitive «to the 
size of the standard ercoc ; large standard errors indicate 
that much of the cost varitation in the observed data is 
un2xplained by the equation. 

The prediction interval beton2as wider as values of x 
farther from the mean of the sanple are selected. This 
change in the size of the prediction interval occurs because 
the formulas are derived to allow for the possibility that 
the estimated values of a and b diffar from the {rue values 
of a and b. Such a Situation can sctur when the sample data 
contain chance fluctuations that prevent tne data fron 
Memeeectong the true relationship that exists in the total 
populaticn or when thers are not sufficient data in the 
sampie. Picmw Tarihi mor tne Prediction interval is also 
sensitive to the level of confidenc2 that is specified and 
to the number of degrees of f[resadon. This change wili make a 
Met crerence in the width of the prediction interval. However, 
the difference in prediction interval size because of 
difference in degrees St steesGOmmue UWOEC Sighitican=e “£05 
small samples than for large samples; the value of t for any 
given level of significiaace becom2s almost constant for 


degrees of freedom over 3). 
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Be MULTIPLE REGRESSION 


To this point, simple (one explanatory variable) re2gres- 
sidn analysis has been us2i 7) exaniae the linear relation- 
Ship between cost and weight. With the array of data shown 
Meta cle It and the logacithmic transformations of these 
data, muitiple (more than one 2xplanatory variable) cregres- 
Sidn anaiysis will now be 2xamined. This section covers the 
multiple linear casé. Bécaase the sanple documented in Tables 
immcontains only twenty two observations, the 2xamination 
Seeeeepoe limited £6 Various conbinatiors of two rather than 
three explanatory variabl2s. If adiitional observations were 
included in sample, thr22 explanatory variables might be 


considered under certain circumstance; however, this number 


r4 


n 


wD 


ct 


@mvariebies used with hn dbservations would detrac« from 


cr 
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(D 


= 
wie 


memery Or the result. In any 2vent, there is n 
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ry 
rt) 
eu 
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Gs 
iossS in iimiting the nunbec of variaoles *o two; =the essen- 
#ial differences Fetween simple andi aultiple regression can 
be illustrated with the two-explanatory variable case. In 
the linear case, the estimating equation is of aa form 
y = a * pb Xi + sc X2 +d X3 

The resui:ts for seach of the possible combinations of twe 
from the set of four explanatory variables are as follows: 


y = 0.5353 + 0.7289 W 


Vaceosce?s + C.8200 HW - 0.0943 S 
Vee ooo) 60652348. HW +t 0.008 R 
Weed + 90-1853 S + O.J714 RB 
eee oe omet 0.5211 WH + O=<.0164 S + 9.0008 8 
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where 


Vae=COSt inentiliawers of doilars 

W = total weight in g (laanch + pay ioad) 
S = speed in mach 

R = range in miles 


TO understand the use of t-ratios in multipl= regression 
equations, the meéaning sf the multiple regression coeffi- 
ci2ants must be understood. In 2ath case, the multipls 


regression coefficient shows the net affect of an explana- 


tory variable. For example, the above equation can be 
interpreted as follows: For 2 given speed, range, a 1-kg 
increase in total weight will caus= a $ 500 increase in 
cost. 


As the degree of interdependeice between explanatory 
variabls incteasés, regr2ssion results becom less stable 
andi more indsterminant. Hoes on sequence, the “=ratis 
Should not be the sole test for assessing th2 amount of 
interdependence present. BUSenen,se is 2Ot poSSzble 25 
Meme a Precise cutoff point at which explanatory variables 
Must always be consider2d too interdependent. A correlation 
coefficient of 0.9 or more between explanatory variables 


Will aimost certainly cause p 


y 


oblems, one of 0.3 or less 
Weualiy will not. imReE: Teepe, 68 ]. Mie array of corela- 
tions among the explanatory variables should always be 
examined in the stages of analysis, and ts the extent 
possibie, the use of inteardeperdent explanatory variables 


Should be avoided. 
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The question arises, for cost-estimating purpose, is 


multiple regression with speed and range preferable to th 


(D 


Sinple regresSion with w2ight as tha explanatory variable? 
To find en answer, the other measur2s by which the regres- 
Sidn equations are judgel must be compared: eEherstandard 
error of regression, the coefficient sf variation, and the 
coefficient of détermination. Thes2 are shown in Table III 
for each of the multipl2 ragression for comparison with tha 
results obtained from th? Simpl2 r2jr=2=ssion. Th primary 
concern in this comparisioa is betwzsen the multiple regres- 
Sion with speed and rang2 and th2 simple regression with 
weight, Since the speed aad range 2yuation 1s the only ons 


in which both explanatory variables ir2 significant. 


hao i LTE 


Comparison of Multiple-liasar with Simple-linear Regression 
Results 


Exolanatory variables 


* W 4 &S hee ih 6S & R Wo NES ow 
So Q. 7547 0.7505 0.6560 Dewi 25 6.3 30 
CV G6 563 G26 Gu 0.5861 Uo o 22 Os say te 
c Deo li3 0.548 0.644 0.546 0.645 
DF 21 1s Uns, V9 18 
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The equation above, ia which weight and speed are used, 
appears to give slightly better results ina comparision 
With the other measures. However, the coefficient of the 
speed variable is not significant at the 10-parcent level. 
AS a consequence, the improvement is not a statistically 
significant one. The generalized test to determine whether 
th incremental improvenent associat3i with the addition of 


G@eveariadbie is significant uses an *-statistic. The test 


}— 


ty 
(tr 


Di OS ther n—tes=. In 


ace 


DEELOrmmec with this statistic is 5 


a 


the increment is not 


cr 


mio case, the null hypothesis is tha 


“reat cant. The Stat2stz>s usei  <€o test Seem) 3 okt ll 


(D 


hypothesis is 
Increment of explained variaace/ degree of freedon 
FP = 2-2-2 ---- = --- -- =~ = ~~ = = = 2 -------------- ~------- 


Remaining unexplained variaiace/ degrees of freedom 


Mmmes Can be rewritten 235s 


Z 2 
ee ee 7 eee 
FP Ss ee ere weer eer er errr freee 
2 
(ot a 7 eo 
2 
Teper nnae = the cCose£EILCIen= of determination of the 
equation that inclidie total weight, speed. 
2 
Me ne GCOCTS I Cl2ent ©&£ determination of the 


equation with total weight alone. 
Substituting the appropriate coeffiztients of determination 
in the formula fcr the F-statistic, we obtain 
Gedo dS = 0.5.13-) 
FS teeter ret terreno =e e712 


( 1-0.548) 7 19 
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Meese value rails short of the critical value of F, which 
eeitais 3.01 at the 10-percent level 9f Significance. Paws. 
maemnull hypothesis is accepted [Raf. 5: pe. 282]. And we 
conclude that the net increment in 2xplained variance asso- 
ciated with the addition of speed to the equation containing 


weight is insufficient to 2stablish that the improvement is 


not due to chance. 
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The learning process is @ phenomenon that prevails in 
many industries; its 2xistence has been veriried by 


empiricai data and controlled tests. Although there 


hv 


re 
several hypotheses on the 2xact mann2ar in which the iléarning 
Smecoste Teduction can occur, the basis of learning-curve 


*4e2ms 


tr 


theory <=s that each tine the total quantity oo 


t- 


produced doubles, the cost per item is reduced £9 a constant 
B-pecentage of its previdus cost. Roe sexemple, Ls the cose 
Seep -caucing the 200th unit of an item is 80 percent of thea 
@ememeoducing the 700th item, ani iL£ the cost of the 400th 
Memes CO percent cf the sost of tas 200th, and so fcrth, 
Mmiemeproauction process is said to follow an 80-percent unit 
learning curve. If the average cost of producing ail 200th 
units is 80 percent of the average cost of producing the 
mest 100th units, the process follows an 80-vercent 
cumulative average learning curve. There are many factors 


mmeen Contribute to the learning surve. These are all 


interrelated and, in general, no 222 factor can be said to 
be dominant over the others. Pio muEtme OLS Factors are as 
follows: 


1. Worker efficiency 
2. Method and processes 


Perot ad PEOGUCTIOn quantity 
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mee Lype Of product 
See LOt buys 
pee cOOling concepts, test equipment 
The above list of reliavent factors is not completes, and 


it tends to understate the importans2 of the itam sometimes 


considered the most important--labor Learning. 


MemeelaG RELATIONSHIP BETWEEN COST AND QUANTITY 


The relationship betw22n cost ani quantity aay be repre- 
sented by a weight equation of the forn 
D 
Ve Oy 
where xX equals the cumulative proiuction quantity. or 


MemeresOn=hip corresponds £> a unit 3f a cumulative averag 


(D 


moamemang CULVe according to whether y is the cost of the Xth 


£ 


17: 


un. 2s. The constant 


cr 


unit or the average cost of th 


(Dp 


cs 
Mmemen] COSt of the first unit projuced. ihe. Sxponen uo, 
which measures the slope cf the lL2arning curve, bears 2 
Pemiole relationship to th constant »ercentag2e to which cost 
is reduced as the quantity is doubl2i. If S represents th2 
SeeiMal fraction to whish cost decreases when quantity 


doubles, the equation becomes 
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i aePhOGuec2og, Orocess E.liowS auait learning 
@ueve Or the forn y = a xX, tai2 cumulative cost T of 


Peogucing the first n units is 


Th? cumuiative average cost y 9f producing the first n units 


is then, 
T a n b 
y = -7*-- = -== ° > ee 
A a es 


mner eseoroOdUuGeleng piEocess collows a log-linear cunu- 


Meeave aVerage curve rather than 2 unit curve, the basic 
mane aOnel form is still y= ax but can be written 
eee CU CX Cg where ‘e AS J the averag= cos. Of the first x 
Mies. Lhe Cumulative cost f9r oproiucing x units is sinply 
H+] e s s 
Yo Xe Gr “a xX ; SAGE Me Wie eoSee ss COeained Erom tne 
mmc. ON 
. o+1 Bae | 
cee ae 4 =a 114 }e 
b+ 
and aL = a Xx : 
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Pema ee LICATIONS 


The iearning curve is used for a variety of purposes and 
in a variety of contexts; how the curve is drawn will depend 
on the purpose and the context. In long-range planning 
studies, for 2xample, ths curve nust be constructed on the 
basis of generalized historical data, and the possible error 
is considerable. Empircical evidense does net support ths 
concept of a single slope for all solid propellant missilss, 


Mmemeeagncer ailccrafts, or ali spacecraft. Therefore, h2 


c} 


practice of assuming that Manufacturing hours on the 
aicframe will follow an 8)-percent curve (as w2sS common for 
many years) or that electronic egquipn]ent will follow, say 3 


90-percert curve, can 122] to very Large estimating 2rrors. 


ct 


For estimating <9 be effective, therefore, he learning 
Sieve mus be establishei on the basis of historical dat2 
relevent to the specific problems. Such curves are equally 
applicabie to missiles, electronics 2quipment, aleCrane, 
Ships and other types sf 2quipment, but the slopes nay be 
@errerent for each of thess. 


With a small sample of data, whece a2 learning curve is 


Fitted to a few points, the corr2lation may be perfect, 


(D 


Mee., ail the points may lis on the fitted lines, but th 
results can still be unreliable. Th2 points used in fitting 
must be sufficiently nunzrous and r2asonably homogeneous 
With the points impliei by extending ‘the curv2 to offer 4 


reasonable probabiiity of sucess in predicting costs. 





Whatever the basic technique, ioe lpOrcanl. °- cS 
remember that on tlLogarithnic grids the points at the right 
Sreemusualily more important than thos= that at the ieft. In 
weetalliy fittinga line, the analys* should avoid the 
tendency to be unduly influenzsed by plot points for earlv 
lots. Early units are oft21 incsompl2et2 because they are used 
for test purposes, It is equally possible that early units 
fememancinds certain sdirecurring problems incident to 
Startup and for this reason may be aoove the level suggestei 


Pyeerattet plot points. 


SeeasamP LE OF LEARNING CJRVE FROM BJIDGET DATA 


Oecer the only data available on 2 regular public basis 


momecome budget data. This LS data foc total cost by year and 


wiancity. Mic heclghteesnts 2S not Jaosr cost aion2 it can 52 
used for estimating purpdses. Tt must be adjusted ¢t09 
Smebac Quantities by the Learning curve. Mase da ta These hans 


Mies2s Ceme from U.S. Missile Dat2 Baok (Ref. 6] and U.S. 
Weapon Systems Costs (Ref. 7]. From these scurses and table 
I for price adjustmert, tha data for Table II were obtained. 
AS an exampis, the data for RIM-57B are shown in Table IV 
and the learning curve is plotted in Figure 4.1 and the 
calculations are shown in Appendsx A. Rw Of data ceo 
Missiles in Table II wer processed ina Similiar way and 
the estimate of the cumulative avsrig= cost of 1000th unit 


were obtained, 
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V. CONZLUSTON 

This thesis has outlineil some of the better-known 
methods that are used t25 develop cost equations. These 
Becameting technigues range in difficulty fron the simple 
(Simple regression) ES the moce difficult (Multiples 
regression). The latter nay require the cembinad talents of 
a statistican, ngineer and AesTineant. Stas rs cuea. 
technigues are generally justified when the estimates are to 
be used in recurring desisions. Ths expens= invoived in 
gathering and analyzing ¢42 data foc multiple regression is 
not usually justified if the astinat2e of the tost equaticn 
memco. De used for only 2 Single iTacision. However th: 
missile budgeted data ara availabl= so that CERs for this 
Mea are practical. 

There are some difficulties in using tha statistical 
method for this type of study. Diese eee ners is the sbasis 
problem of obtaining a sufficient naumber of observations to 
Support the distribution assumptions and t9 réduce tha 
Standard error. Dhemvacl2anee Of the error tara is usually 


MeeeKnOWN and must be estinated by tha standard error. fh 


(D 


confiderce or prediction intervais izpend on this measures 
and will be quite wid2 if the standard error of th2 
estimating equation is larcye. Th2 2¢eror might be reduced as 


the number of observations incr2ase2s. Semi Larky, the 


20 





confidence intervals are dependent on the range of the 


observed values of the independent variable x. They wili be 


(D 


relatively wid= again if tae rang 1s limited and new point 
is outside the range of iniependent variabie. The number of 
observations can sometines be increased by uSing additional 


tine periods for which cost observations are avaiiable. 


Meee. so would 1lik=S => vraise s3122 questions about <he 


od 


validity of using the least squares criterion as a basis for 
cost estimation. The "least sguares" astimate ninimizes the 
Sum of the deviations of astuali cost observations from their 
estimates. By its Vay, (cOnste ts .20n it imputés 2 


disproportionate weight to thea Tierlwences of lich ais (ape 


This leads to *#hse 


t- 
t- 
D 
ry 
O 
oe 
(D 
VU) 
r 


deviations compared to sn3i 


so-called "cutlier" problem such as BGM-109C and MIM-104. 


tea 


Mamcollecting cost observations t> be included in th 


(D 


calculation of the paramet2r vaiues, there is 23 tendency to 


G@iscard those observations that seam to Lie outside a normal 


Beerad line in crder to remove 3 possible bias in he 


ct 


Seramat2=ng equation. That is, their inclusion will cause th 


wW 


estimated cost iine to tilt upward 2¢ downward in order t2 
reduce the squared deviations betweer1 these observations and 
their estimates. The assSimption is that outlisrs are merely 
unusu@i occurences and taierefore should not be used 9 
derive estimates of the normal rcelationship between cost 
i+2m and some explanatory variable. HOWGEVeL, so-called 


outliers may teflect sonathing mor= basic. For example, 


5a 





observations that depart from the noeomal trend line at <he 
extreme ends cf the rang2 of actvity used in the analysis 
mey reflect a nonlinear ctost relationship betwee Pie cost 
item and the explanatory viriable. 

Weut~me these difficulties in statistical method, in this 
thesis I have introduced the estimating of the sost of U.S. 
missiles. ie 15 BWOLtAwhtls t> Eurther cesearch the 


methodology of cost estimating for military hardware. 
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= 4.4421 


= 75.05) 


= 2.5520 


= 2.4300 


el Ona 


=e 2ONy 


= 0.9544 


=)0.915¢ 


= 0.3648 





Missiles are classified by ths general characteristic 
grouping or designators. Appendix B is a cross reference 


ieemang by designator. 


Theseé grouping or designators nay show in what manner 3 
[eeeete is used, but thsy will not identify a particular 
missile. This general classification makes use of “hres 
items: launch environment, target environment (or mission), 


and type of vehicle. 


(D 


The first letter is used +9 designate the launch 


enviirconment, which may b2 air, ground, Wide GPOund o> 
underwater. Thus the iatters ara "A" for air, "G" for 
food, "L'" for undergcouid or sild launched, and "U" for 
underwater. The second letter is used to designate the 


target environment or mission. This letter may be "I" for 


imcerceptor, "G" for surface tazgst, or "QO" for drone. The 


\-*¢ 


third letter designates the «ype vehicle as "M" for missile, 


= 


See om” fOr rocket. An examole sf this general classification 


es) iliustrated: 
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mcr2 than one environment. 
Horizontally stored in a protective 
2ncslLosure ani Launched from the 
Seo un . 

Carried by on= nan 

VieGuacamly  Ssteocea § below ground ievel 
VGawLaunched £rem the ground. 
Vertically stored and launched from 
below cround level. 

Launched fron a grouni vehicle or 
noveable platforn. 

Paget el yor LOnpEOLec=sd in storeage 
MipeerauncCheotdmmrom ohe ground. 
Launchei from 32 surface vessel such 
AS a Ship, barge, etc. 

Baugchei f£cton a sSubmacine or other 


Wes seat erm dev Loe. 
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S=cond 
Letter Mace Le 


C Decoy 


te 


Special 
Erectronic 


Installation 


Attack 


ig Intercepti- 


Aerial 


Q Drone 


By Ire bse alah ete 


APPENDIX £ 


DSSecrapt lon 
Vehicles designed or modified to conf- 
Se, iecéive, or divert enemy defenses 


DY SLMUlSating 2n attack vehicle. 


Vetioeseacsrgn2d or modified wich el- 
ectronic equipment [or communications, 
countermeasures, 2lectronic raditation 


cord- 
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Sou SSE ess CLOCtTTORLGC £ 


ING sor foley Missions. 


Veoh ges 


yews sea caro scs. 


Vehicles desigaid to intercept aerial 


targets in defensive or offensive 
PolSs. 
Vetene Decedesiga2d for target, reconn- 


aissance, or surveillance purposes. 


Vehicles designed or permanently modi- 


PcImror chalga g. Sur poses. 
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Underwater 


attack 


Weather 


Vehicles designed to dastory eéeneny 


Subnarin2 or other undérwater tagets. 


Vielewnes s des=gaecd tOlOnSerVe, record, 
or ctelay data pertaining to metsorcl- 


ojgical phenomena. 


22 





aor a 
Lette 


i 


a 


N 


1G Trt1.e 


Guided Missile 


Prope 


i<j 
(tei 
tH 


©? 
ic 


ba 
"0 
\ro 
ted 
\'z 
Io 
tH 
>< 
in 


SEE SYMBOLS 


DEScription 
icapicmmrEneras Lecter in a missile 
d2signator,it identifiss an unmann- 
SApece Mer pboso=niecd Vehicle. Such a 
v2hicl= is designed t> move in a 
trajectory which may be entirely or 
partially above the earth's surface. 
Mutton M2tlLonm thus vehicle can ba 
SonerOllca boemorely, by homing sys- 
t2nS, 26 by ineértiai and/or progran- 


m2i guidenc)e from within. THis we 


(D 


bE 


= 


"“Jaided missile” does not includ: 
space vehicles, space boosters, or 
teal ©OEDSaa=s spit 2t do=s not in- 
clude tarj2t and reconnaissancs 


drdnes. 


fv 
ct 
(p 


The letter "NN" is usei to indic 
Nod On bl eal instrumented vehicles 
Which are a19t invoivei in space 
Missions. Th2se¢ vehicles are used t9 
penetrate th space environment and 
Pot emOore sort back Lofortmaticn. 
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R 


Rocket 


This identifies a self- propvelled 
Veaiel> withowt 2nscalied or remotes 
controll guidance mechanisms. Once 


Mdnehsd acho wSrajicctOnye Os  £laght 
path of suth a vehicle cannot b2 


changed. 
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